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Site-specific irrigation decisions require information about variations in soil moisture
within the rooting depth actively being used by the crop. Producers have been using soil moisture
sensors to make irrigation decisions, and it has been shown that soil moisture sensors can reduce
water usage without reducing yields. There are still unanswered questions on improving
efficiency with soil moisture sensors based on density and location of sensors within a field. This
three-year study uses sensors to evaluate the spatio-temporal variability of soil moisture across
an 18-ha production field in a corn/soybean rotation. The IDW results show that when uniform
irrigation applications are made to the field, fewer sensors that are placed in better locations
throughout the field can be as useful as a densely gridded array of sensors. Although, if variable
rate irrigation (VRI) is being used, a dense array could be used the first season to fine tune
management zones.
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CHAPTER I
INTRODUCTION
Agriculture is Mississippi’s top industry, employing 29% of the workforce either directly
or indirectly. Soybeans, cotton, and corn are the top three crops grown in terms of hectares and
generate $1.06 billion, $623 million, and $351 million per year in revenue, respectively (MDAC
n.d.; USDA 2018a). In 2018, over 674,000 ha of Mississippi’s total 1.01 million ha of cropland
were irrigated, up from 475,730 irrigated ha in 2002 (USDA 2018b). Mississippi receives
roughly 1,307 mm of rainfall per year on average, but only 37% of the average annual rainfall is
received during the growing season (Feng et al. 2016; Karki et al. 2018). Even in years of above
average rainfall, such as 2019 when the state received 318 more mm of precipitation above the
average, there are still often periods of temporary drought during the growing season.
The Blackland Prairie region is in northwest Alabama and northeast Mississippi. The
topography of this region consists of rolling hills with elevations ranging from 15-30 meters
above sea level. The total land area of the Blackland Prairie region in these two states is 1.65
million hectares, with 53% in Alabama and 47% (7,760 km2) in Mississippi (USDA n.d.). The
soil in this region is very conducive to growing crops, and row crops makes up 16% of the land
use (USDA n.d.). The counties that make up the Blackland Prairie in Mississippi account for
10% of Mississippi’s combined soybean, corn, and cotton production. This area has historically
been under dryland production because it was not cost efficient to access ground water due to the
deep depths of the aquifer in many areas. However, more producers have begun irrigating with
1

surface water from on-farm water storage systems (OFWS) over the past several years to reduce
risk and increase yields. These OFWS systems are constructed ponds designed to capture and
store rainfall runoff for irrigation applications. The hilly topography in this region is used to
gravity-feed runoff into the storage pond, which can be constructed to the desired size in a
naturally low spot (Tagert et al. 2018). This water source is replenished by winter rainfall events.
Over 90% of irrigation water is pumped from OFWS systems in the Blackland Prairie (Feng et
al. 2016). Producers who use surface water for irrigation and have a finite amount of water
available for a growing season must use best management practices (BMPs) such as soil
moisture sensors to conserve water while irrigating and ensure they have enough water to last
through the growing season.
In Mississippi, Watermark Granular Matrix (GM) sensors are commonly used to trigger
irrigation applications because of their relatively low price and ease of use. When used
effectively, soil moisture sensors can reduce water use and energy costs while maintaining yields
by helping time irrigation applications based on crop water needs (T. Lo, Rudnick, et al. 2020).
However, soil moisture is variable over space and time, which often makes sensor placement
within a field challenging. There has been considerable research using different methods and
technologies to measure soil moisture (Barker et al. 2017; Baroni et al. 2013; Hupet and
Vanclooster 2002; Jabro et al. 2020; T. Lo, Pringle, et al. 2020; T. Lo, Rudnick, et al. 2020; T. H.
Lo et al. 2016; Nielsen et al. 1973; Wang et al. 2015), but some of this work has focused on soil
moisture in the only surface layer (Baroni et al. 2013). It is important to measure soil moisture
through the active rooting zone of the crop when scheduling irrigation applications, to capture
the total soil moisture available to the crop (Hupet and Vanclooster 2002).
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There are many variables that can affect soil moisture such as vegetative factors, soil
texture, and topography. These variables may be used as a surrogate to help estimate soil
moisture variability throughout a field. A study in Nebraska (Barker et al. 2017) used elevation,
deviation from mean elevation (DEV) and apparent electrical conductivity (ECa) to predict
neutron probe mean relative difference with inconsistent results. Baroni et al. (2013) suggest that
crop height and leaf area index (LAI) could be key for explaining the role of vegetation in
determining soil moisture, particularly under dry and intermediate soil moisture conditions.
Another study also found that vegetation has a greater impact on soil water under dry conditions
(Wang et al. 2015).
Questions remain on the density and placement of sensors within a field, especially under
center pivot systems, which are the primary irrigation systems utilized in east central Mississippi.
Generally, it is recommended to put more than one set of sensors in a field if soils and
topography are variable. However, recommendations differ, and there may be more variability in
a field that is not being adequately captured. The Watermark sensor instructions suggest placing
sensors at four to five locations down the length of the pivot. The general recommendation
provided by Watermark is to install a sensing station every four to six hectares (“Installation and
Operating Instructions: Watermark Soil Moisture Meter” n.d.). Another paper suggests installing
at least two sets of sensors, with one being close to the start of the pivot and another located
where the pivot ends (Irmak et al. 2016). Researchers from the University of Georgia created the
smart sensor array (Vellidis et al. 2008) which uses multiple Watermark GM sensor sets spread
throughout a field. A sensor array was used to monitor soil moisture in fields split into
management zones based on soil survey maps, topography, aerial photographs, and visual
inspection of the fields (Vellidis et al. 2013). There were no more than 10 sensor sets in fields
3

with an average size of 80 ha, with at least one set in each management zone. Results from the
soil water tension graphs proved there was high in-field variability in the study locations. The
variation in recommendations for sensor placement and density demonstrate a need to better
understand the spatial and temporal variability of soil moisture throughout a field.
This study describes the variability of soil moisture tension in a production field using
geospatial analysis and models the variability through simulation using the Decision Support
System for Agrotechnology Transfer (DSSAT) crop modeling ecosystem. Thus, the primary
objectives of this research are 1) to measure in-field spatial and temporal variability of soil
moisture in the active rooting zone of soybeans using Watermark GM sensors, 2) evaluate the
correlation of root zone soil moisture to soil texture, elevation, and soybean vegetative
characteristics, and 3) use the DSSAT crop model to determine if the in-field variability is great
enough to warrant different irrigation applications for portions of the field. Ultimately, the goal
of this research is to improve recommendations for sensor placement within a field and
determine if there are less invasive, surrogate methods to evaluate soil moisture, thus improving
irrigation efficiency.
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CHAPTER II
ANALYSIS OF IN FIELD SOIL MOISTURE VARIABILITY IN THE ACTIVE ROOTING
ZONE
Introduction
Agriculture and Irrigation in Mississippi
Agriculture in Mississippi is a 7.72 billion-dollar industry, making it the state’s top
industry. Agriculture also employs 29% of the workforce in Mississippi either directly or
indirectly. The three main row crops that are grown in the state - soybeans, cotton, and corn generate $1.06 billion, $623 million, and $351 million per year in revenue, respectively (MDAC
n.d.). According to the USDA Irrigation and Water management survey (2018b), there are 1.01
million ha of total cropland in Mississippi. Soybeans, cotton, and corn are also the top three
crops in terms of hectares planted in Mississippi at 980,000, 194,000, and 251,000 ha,
respectively (USDA 2018a).
Irrigation is widely used in Mississippi agriculture. Over 674,000 ha of the total cropland
in Mississippi are irrigated (USDA 2018b). Mississippi receives roughly 1,307 mm of rainfall
per year, but according to recent studies, the state only receives 37% of that rainfall during the
growing season (Feng et al. 2016; Karki et al. 2018). Producers in Mississippi use multiple
methods of irrigation to supplement water to crops, but the two primary methods are furrow and
center pivot systems. Furrow irrigation is used on 82% of irrigated land in Mississippi, and
center pivot systems are used on 17% of Mississippi’s irrigated land (USDA 2018b). Furrow
7

irrigation is the preferred method of irrigation in flatter regions such as the Mississippi Delta,
where many fields have been precision leveled to increase furrow irrigation efficiency and
ensure uniform water application and infiltration through the root zone (Walker 1989). This
system is not very efficient in terms of water use and usually results in runoff leading to erosion,
but it is heavily used in the Mississippi Delta. Center pivot systems have higher water use
efficiency and are used in areas with rolling topography because water is applied through an
overhead delivery system, whereas furrow irrigation must be sloped for the water to flow by
gravity in the desired direction. Furrow irrigation is approximately 55 to 65% efficient, whereas
center pivots are 85 to 90% efficient (Coblentz 2014; Gonçalves et al. 2020; Irmak et al. 2011).
Most of Mississippi’s row crop hectares are in the Mississippi Delta, an alluvial flood
plain of the Mississippi River, located on the western side of the state. This region encompasses
about 1.62 million hectares (Karki et al. 2018; Snipes et al. 2005) and is very flat from years of
flooding from the Mississippi River and its tributaries. The Blackland Prairie is another
important area for row crop production in Mississippi. Many of the same crops are grown in this
region of the state, with the same top three crops being soybeans, cotton, and corn (USDA
2018c).
Agriculture and Irrigation in the Blackland Prairie
The Blackland Prairie region is in northwest Alabama and northeast Mississippi. The
topography of this region consists of rolling hills with elevations ranging from 15-30 meters
above sea level. The total land area of the Blackland Prairie in these two states is 1.65 million
hectares, with 53% in Alabama and 47% (7,760 km2) in Mississippi (USDA n.d.). The Blackland
Prairie region accounts for 14% of Mississippi’s total cropland (Feng et. al 2018). The soil in this
region is very conducive to growing crops, and cropland makes up 16% of the land use (USDA
8

n.d.). The counties that make up the Blackland Prairie in Mississippi account for 10% of
Mississippi’s combined soybean, corn, and cotton production. In 2018, cotton yield in the
Blackland Prairie region was 87% of the state average per acre, with corn following at 84%, and
soybeans at 66% (USDA 2018c). Cropland in this region has historically been under dryland
production because of the price of pumping deep ground water, but more producers have begun
irrigating over the past several years to reduce risk and increase yields. Many producers have
invested in on farm water storage (OFWS) systems to provide a water source for irrigation. In
this part of the state, with hilly topography, rainfall-runoff gravity feeds into the storage pond,
and ponds can be constructed to the necessary size in a naturally low spot (Tagert et al. 2018).
Over 90% of irrigation water is pumped from OFWS systems in the Blackland Prairie (Feng et
al. 2016). This method is sustainable because water is replenished during rainfall events during
the winter, and most systems catch rainfall runoff and return it to the pond to conserve water and
reduce nutrient loss downstream. Producers who use surface water for irrigation and have a finite
amount of water available for a growing season must use best management practices (BMPs) to
conserve water while irrigating, to ensure they have ample water to last through the growing
season. Soil moisture sensors are a relatively inexpensive BMP that can measure soil moisture to
ensure irrigation timing matches crop water needs.
Measuring Soil Moisture
When used effectively, soil moisture sensors can reduce water use and energy costs while
maintaining yields in irrigated fields; therefore, sensors also increase producers’ profitability (Lo
et al. 2020b). However, soil moisture is variable over space and time and often makes timing
irrigation events difficult for producers. Some producers apply irrigation because their neighbor
is irrigating at that time. Others look at the soil or crop or feel the moisture in the soil. With soil
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moisture sensors, farmers can obtain a quantitative measurement of soil moisture and gain a
better understanding of soil moisture through the root zone of the crop. There has been
considerable research using different methods and technologies to measure soil moisture (Barker
et al. 2017; Baroni et al. 2013; Hupet and Vanclooster 2002; Jabro et al. 2020; Lo et al. 2020a;
Lo et al. 2020b; Lo et al. 2016; Nielsen et al. 1973; Wang et al. 2015), but some studies focused
on soil moisture in only the surface layer (Baroni et al. 2013). It is important to measure soil
moisture through the active rooting zone of the crop to capture the total soil moisture available to
the crop (Hupet and Vanclooster 2002). Also, Baroni et al. (2013) only took seven soil moisture
measurements during the growing season. Barker et al. (2017) conducted a study in which soil
moisture was measured with a neutron probe at depths up to 107 cm in a Nebraska corn field, but
the measurements were taken weekly throughout the growing season, resulting in just nine
measurements.
Watermark Granular Matrix Sensors (GMS)
There are many types of soil moisture sensors available for triggering irrigation
applications - neutron probes, frequency domain sensors, tensiometers, and granular matrix
sensors. In Mississippi, Watermark Granular Matrix Sensors (GMS) are most commonly used as
a BMP because of their relatively low price and ease of use. Granular Matrix sensors use
electrical resistance units to measure soil matric potential (SMP) or soil water tension, which is a
critical index of water availability to plants (Irmak and Haman 2013). The sensors relay
electrical resistance based on the amount of water in the porous material inside the sensor to the
data logger, where it is converted into soil water tension (cb). The readings have an inverse
relationship with soil moisture, meaning the higher the readings, the lower the soil moisture and
the drier the soil, and vice versa. Therefore, sensors in saturated soils should read 0 cb, and
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sensors would read 200 cb in extremely dry soil. The sensors can be calibrated for specific soil
types, using soil water retention curves to obtain an approximate correlation of soil moisture
content (SMC) to the sensor’s resistance for a particular soil (Hillel 1988; Irmak and Haman
2013). An advantage the Watermark GM 200SS sensors have over gypsum block sensors is that
they are more durable against dissolving, so the calibration does not change as much over time
(Irmak and Haman 2013). Also, these sensors have been around long enough to be tested and
proven effective (Eldredge et al. 1993; Irmak and Haman 2013; Shock et al. 1998; Thomson et
al. 2002; Thomson and Armstrong 1987).
Density and Placement of Sensors
Placement of sensors within a field will vary depending on the irrigation system used.
Regardless of the method of application, questions remain on the density and placement of
sensors within a field, especially under center pivot systems, which are the primary irrigation
systems utilized in east central Mississippi. Generally, it is recommended to put one set of
sensors for a block of fields under furrow irrigation, but there is concern there may be more
variability in a field that is not captured with one set of sensors. The instructions provided with
Watermark sensors recommend placing sensors at four to five locations down the length of the
pivot. The instructions note that sensors may be added at higher or lower production areas of the
field to get a better overall understanding of the field. The general suggestion outlined in the
Watermark instructions is to install a sensing station every four to six hectares (“Installation and
Operating Instructions: Watermark Soil Moisture Meter” n.d.). However, researchers from the
University of Georgia created the smart sensor array (Vellidis et al. 2008) which used multiple
Watermark GMS sensor sets spread throughout a field under pivot irrigation. A sensor array was
used to monitor soil moisture in fields split into management zones based on soil survey maps,
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topography, aerial photographs, and visual inspection of the fields (Vellidis et al. 2013). There
were no more than 10 sensor sets in fields with an average size of 80 ha, with at least one set in
each management zone. While this was a good start, the goal was to have three sensor sets in
each management zone for the next season of the study. Soil electrical conductivity maps and
yield maps were used to refine the management zone boundaries. Results from the soil water
tension graphs proved there was high variability within each field. The variation in
recommendations for sensor placement and density demonstrate a need to better understand the
spatial and temporal variability of soil moisture, and particularly rooting zone soil moisture,
throughout a field.
Soil Moisture Variability Factors
There are many variables that can affect soil moisture such as vegetative factors, soil
texture, and topography. These variables may be used as a surrogate to help estimate soil
moisture variability throughout a field. A study in Nebraska (Barker et al. 2017) used elevation,
deviation from mean elevation (DEV) and apparent electrical conductivity (ECa) to predict
neutron probe mean relative difference with inconsistent results. Baroni et al. (2013) suggest that
crop height and leaf area index (LAI) could be key for explaining the role of vegetation in
determining soil moisture, particularly under dry and intermediate soil moisture conditions.
Another study also found that vegetation has a greater impact on soil water under dry conditions
(Wang et al. 2015). Also, researchers in China investigated factors affecting in-field and regional
soil moisture and found that LAI was one of the most important vegetation factors when trying to
predict soil moisture content. As LAI increased, the soil moisture content generally decreased
(Suo et al. 2018). If soil moisture variability can be predicted more easily, irrigation
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management zones could be developed to mitigate the variability and apply water only to areas
of the field where and when it is needed.
Geospatial Analysis
Soil moisture has been analyzed using geospatial methods in other studies (Barker et al.
2017; Baroni et al. 2013; Zhang et al. 2019; Zhao et al. 2018). Baroni et al. (2013) monitored soil
moisture on a grid with a Theta Probe Delta-T device and used the variograms to compare
relationships between variables and soil moisture. Visual support was also provided with results
from ordinary kriging of the same variables, showing that spatial variability in both soil texture
and vegetation impacted soil water variability. However, spatial variability of soil texture was
more impactful in wet conditions, and vegetation had a greater impact in drier conditions (Baroni
et al. 2013). Another study by Barker et al. (2017) investigated soil moisture variability using
neutron probes installed on a grid. In this study, they mapped mean relative difference (MRD)
and standard deviation of relative difference (SDRD) with the shallow and deep neutron probe
surveys. Elevation, deviation from mean, and ECa were also mapped. Correlation matrices were
generated for the soil moisture and different variables. Barker et al. (2017) found that no spatial
variable or set of spatial variables predicted MRD consistently. Therefore, no location was
named a temporally stable location for monitoring soil water. The spatial variability of the soil
moisture was not large enough to produce strong relationships with any variable, and it was
difficult to identify temporally stable locations in management zones based on proxy variables.

13

Methodology
Site Description
The study area (Figure 2.1) was a production agriculture field in Brooksville, Mississippi,
which is in the Blackland Prairie region (MLRA 135A, n.d.) located in the east central area of
the state. The soil type was predominantly Brooksville Silty Clay (91.8%) with 8.2% Catalpa
Silty Clay on the northwest portion of the field near a ditch that is occasionally flooded (Soil
Survey Staff et al., n.d.). The field was an 18-ha field irrigated by a center pivot system, and the
primary crops grown were corn and soybeans, which are rotated annually. Irrigated soybean
variety trials were also conducted in the field in 2018 and 2020. When harvesting the variety
trials, researchers harvested the middle two rows of each individual plot, and the farmer
harvested the remaining rows when he harvested the field. Collection of weather data began on
May 11, 2018 from a Campbell Scientific weather station that was used by the MSU Extension
Service for soybean variety trials. A Watchdog 2900 ET weather station was placed in the
northeastern corner of the field outside of the field boundary beginning November of 2019, and
this weather station was used for collection of weather data for the remainder of the study period
until September 12, 2020. If there were any missing data between those two weather stations, a
weather station at the Black Belt Experiment station just 4.8 km away was used to fill in the
missing data. Soybeans were planted in 2018 and 2020, and corn was grown in 2019.
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Figure 2.1

Study site located in Brooksville, MS.

The field was farmed and managed by the producer, and the authors had access to the
field to install and uninstall soil moisture sensors and data loggers and collect weekly field data
throughout each growing season. All management decisions were made by the producer. In
2018, Terral 51A56 soybeans were planted on May 3 at a seeding rate of 296,500 seeds per
hectare, and soil moisture sensors were installed on May 23-25, 2018 at 30.5 and 61 cm. A total
of 40 mm of rainfall was received from planting date to sensor installation, and 215 mm of
precipitation was received while sensors were installed from May 23 to September 12, 2018,
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when the sensors were removed prior to harvest. In addition, seven irrigation applications
totaling 125 mm were made with the center pivot during this period, for a total of 380 mm water
provided to the crop between planting and harvest. Soybeans were harvested on September 19,
2018. For the 2019 growing season, Dekalb 68-69 corn was planted on March 30 using seeding
rates of 84,000 and 69,200 seeds per hectare under the pivot and outside of the pivot,
respectively. From planting date to May 2 when the sensors were installed at depths of 30.5, 61,
and 76 cm, 254 mm of rain was received. From May 2 to August 7, 2019, the field received 357
mm of rainfall and 78 mm of water through center pivot irrigation over five irrigation
applications. Sensors were removed on August 7, 2019, and the corn was harvested on August
22, 2019. A total of 689 mm of water was received by the corn crop from planting through
harvest. Progeny 1851 soybeans were planted on May 4, 2020 at 296,500 seeds per hectare, and
sensors were installed on May 22, 2020 at 30.5 and 61 cm and removed on September 2, 2020.
The field received 45 mm of rain from planting on May 4 to sensor installation on May 22, and
310 mm from May 22 to September 2, 2020 when sensors were removed. An additional 80 mm
of water was received through four irrigation applications, for a season total of 435 mm.
Data Collection
A 55 x 55 meter grid was applied to the field, resulting in 44 point locations under the
pivot or end gun range. At each grid center point, Watermark 2200 GMS sensors were placed in
the row with the plants at 31 cm and 61 cm depths and connected to a Watermark 900m data
logger set up to log hourly measurements. Sensors were installed early in the growing season
when the plant was roughly 15 cm tall, and care was taken to avoid any skips in the row. Soil
moisture was adequate for germination each year from the amount of rainfall that came a week
before and after planting (8 mm in 2018 and 64 mm in 2019) except for in 2020 when the
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producer irrigated 10 mm on May 11 to get an even stand because he had only received 7 mm
and no rain was in the forecast. Installation holes were easily drilled with a power auger
equipped with a 22-mm bit. When installing sensors, the manufacturer’s instructions were
followed for pre-conditioning through installation (“Installation and Operating Instructions:
Watermark Soil Moisture Meter” n.d.), ensuring the sensors were ‘grouted’ into the soil with
good soil to sensor contact.
Leaf Area Index (LAI) and plant height were measured at each grid center point almost
weekly throughout each growing season. In 2018 and the first three measurement dates in 2019,
a Li-COR LAI-2000 (Li-COR, Inc., Lincoln, NE) plant canopy analyzer was used to measure
LAI. It was replaced with a newer model Li-COR LAI-2200C (Li-COR, Inc., Lincoln, NE) plant
canopy analyzer on July 12, 2019. There were eight collection days in 2018 on June 26; July 6,
12, 18, and 25; and August 2, 9, and 17. In 2019, field measurements were recorded on 12 days
as follows: May 16, 23, and 31; June 12, 19, and 26; July 3, 10, 19, 24, and 31; and August 7. In
2020, field measurements were recorded on 10 days: June 4, 11, 17, and 30; July 15, 23, and 31;
and August 6, 14, and 24. The LAI measurements were taken early in the morning in diffuse
light, without direct sunlight to the lens and in accordance with the LI-COR instruction manual
(2016). Also, a 270° lens cap was used to block the user from the sight of the lens. When
conducting the measurements, one reading above the canopy was recorded, and four readings
were measured below the canopy to get a spatial average along and across the row. At the same
time LAI measurements were collected, a tape measure was used to take three measurements for
plant height in each grid cell, and the average value was recorded. On days when field
measurements were taken, soil tension data was also downloaded from each datalogger using an
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Irrometer data shuttle (Irrometer Company, Inc., Riverside, CA), and growth stage of the crop
was recorded.
Soil samples were pulled on September 20, 2018 to analyze soil texture. Three to four 61cm soil cores were pulled from each grid cell in the field using an AMS soil probe (AMS, Inc.,
American Falls, ID). For each grid cell, individual cores were mixed to form a composite
sample, and these 44 composite samples were subsequently analyzed at the Mississippi State
University Soil Lab using the hydrometer method (Gee and Bauder 1986).
Geospatial Analysis
The producer collected yield data while harvesting and provided the data in shapefile
format. The shapefile was populated with thousands of points across the field that were logged
using the global positioning system (GPS) on the combine and multiple sensors that recorded the
yield. Raw yield data were obtained for each growing season from the John Deere Greenstar
yield monitor (Deere and Company; Moline, IL). Yield data were imported into the USDA-ARC
Yield Editor 2.0 software, which ‘cleaned’ the data by removing any abnormalities and points
that were logged while navigating turn rows. Next, ArcMap was used to average the cleaned
yield data for each of the 44 grid cells.
Maps were created in ArcMap to assess soil moisture variability using the inverse
distance weighted method (IDW), which is an exact, deterministic, local interpolation method
used to predict values at locations that were not measured. The predicted values fall inside the
range of the minimum and maximum known values. IDW is considered a deterministic method
because a formula is used to calculate the values based on weighted averages given to
surrounding locations. The weights are calculated by using the inverse distance from the
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predicted location to the known location, and more weight is given to locations nearer to one
another (Meng et al. 2013).
For each growing season, six dates were chosen to assess the soil moisture variability in
the field. Of the six dates, three were wet days, and three were dry days. For 2018, the dry days
were June 26, July 1, and July 29; and the wet days were June 27, July 3, and July 31. In 2019,
the dry days were June 17, July 1, and July 17; and the wet days were June 20, July 2, and July
30. In 2020, the dry days were June 24, July 24, and August 8; and the wet days were June 26,
July 26, and August 10. Dry days were chosen as the day with the highest average soil tension
for the field immediately before an irrigation or rainfall event, and wet days were chosen as the
day closest to the end of an irrigation or rainfall event that had the lowest average soil tension for
the field. On the three wet days and three dry days for each growing season, the predictions of
the IDW interpolations were compared to measured soil tension data. The interpolated values
were compared to measured soil tension based on the coefficient of determination (R2).
Sampling Schemes
There were seven sampling schemes that were assessed. First, five of the 44 point
locations were eliminated from the data set. These points were outside of the pivot and were not
uniformly irrigated because they only received water from the pivot end gun. Six of the schemes
included subsets of the original grid and were evenly spaced or gridded sampling points that
resulted in 25, 18, 12, 9, 5, and 4 point locations. For the seventh scheme, the raster data in the
original DEM (Figure 2.2) was used to develop elevation-based management zones. Raster
elevations were grouped into four classes based on the Natural Breaks (Jenks) method (Baz et al.
2009) in ArcMap, and four point locations from the original grid were selected from these
management zones (Figure 2.3). The selection of the point location in each of the four elevation19

based management zones was mostly subjective by the researcher, but the chosen point in the
dark blue zone is just north of the center pivot start point before it traverses clockwise. The
location in the light blue zone will be near the end of the irrigation cycle. The point in the red
zone will be halfway through the cycle, and the point in the yellow zone will be almost 75%
through the irrigation cycle.

Figure 2.2

3-Meter resolution DEM.
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Figure 2.3

Elevation based management zone sensor location scheme.

Results and Discussion
Temporal Variability
In Figures 2.4, 2.5, and 2.6, the daily root zone average soil tension for each of the 44
point locations is shown for every day that the sensors were installed. These data are represented
by the lines in the graph and show the patterns of the daily depth-weighted average soil water
tension for each sensor location in the field for each of the three growing seasons. The horizontal
black line across the charts represents the recommended irrigation triggers for sprinkler irrigation
applications during the prime reproductive growth stages of both crops, which is roughly 60 cb
for corn and 65 cb for soybeans (Krutz and Roach 2016). In 2018, the weighted average of both
depths was taken beginning June 15, once the soybean roots reached the depth of the 61-cm
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sensor and readings rose above 10 cb. In 2019, the same approach was used, and a weighted
average of sensors was calculated when the corn roots reached the depths of the 61- and 76-cm
sensors and readings rose above 10 cb, which occurred during the first week of June. In 2020,
using the same approach, readings did not rise above 10 cb for the 61-cm sensor depth until
approximately July 20. Total daily water received from precipitation and irrigation events are
also shown. Figures 2.4, 2.5, and 2.6 show that soil tension is more variable within the field on
dry days than on wet days, which agrees with previous studies (Barker et al. 2017; Baroni et al.
2013; Lo et al. 2020a). It is evident that the variation in soil tension decreases after rain or
irrigation events and increases as the field dries out.
In 2018, there was less early season rainfall than in 2019 and 2020. Three weeks from
sensors installation the field had received a total of 36, 98, and 110 mm for the 2018, 2019, and
2020 season respectively. Also, in 2018, tension readings on the 61-cm sensors began to increase
(and soil moisture decrease) earlier in the growing season, only two weeks from when sensors
were installed (June 14) and the soybean crop had reached the R2 growth stage. It appears that in
2018, the active root zone extended deeper into the profile to reach soil with more available
water. As a result, weighted averages of the sensor readings began earlier in growing season in
2018. Conversely, there was considerable rainfall early in the growing season in both 2019 and
2020, which resulted in slower root growth of the corn and soybean crop, respectively. In 2019,
the deeper sensors did not show water being used until a month after being installed (June 4-6)
when the corn plant was at the tasseling stage. In 2020, the deeper sensor did not show water
being used until a month and a half after being installed (July 20), when the soybeans had
reached the R4 growth stage.

22

Figure 2.4

Daily depth weighted average soil water tension over the 2018 soybean growing
season for all sensor locations in the field.

Figure 2.5

Daily depth weighted average soil water tension over the 2019 corn growing
season for all sensor locations in the field.
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Figure 2.6

Daily depth weighted average soil water tension over the 2020 soybean growing
season for all 39 sensor locations in the field.

Figures 2.7, 2.8, and 2.9 show the minimum and maximum daily root zone average soil
tension along with the range to represent the variability. The data show that the range in the
sensor readings also increases as the soil tension increases and decreases as the soil tension
decreases for each season. The large amounts of rainfall in 2019 and 2020 are evident in Figures
2.8 and 2.9, with a low soil tension reading of 0 – 5 cb at the beginning of the growing season
and at three to four additional times throughout the growing season. In 2018, the soil tension
only decreases to 0 cb for one day at a time excluding the one time it stays relatively low (below
20 cb) between July 16 and July 23, 2018.
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Figure 2.7

Min, Max, and range of daily depth weighted averages of soil water tension over
the 2018 soybean growing season for all 39 sensor locations in the field.

Figure 2.8

Min, Max, and range of daily depth weighted averages of soil water tension over
the 2019 soybean growing season for all 39 sensor locations in the field.
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Figure 2.9

Min, Max, and range of daily depth weighted averages of soil water tension over
the 2020 soybean growing season for all 39 sensor locations in the field.

Spatial Variability
The soil texture analysis showed mostly homogenous soils with 39 of the 44 locations
classified as a silty clay loam soil texture and the other five classified as a silt loam. Although
there are two different soil textures in the field, the soil texture triangle shows the similarity of
the soils (Figure 2.10).
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Figure 2.10

Soil Texture analysis results.

The daily depth-weighted average of soil tension at all 44 point locations was used to run
IDW interpolations on June 26 and 27 to predict the soil tension in areas where a soil sensor was
not located (Figure 2.11). A visual representation of the spatial variability of soil moisture can be
seen in Figure 2.11; variability is greater on the dry day (June 26) than on the wet day (June 27).
It is also apparent from Figure 2.11 that the end gun does not apply the same amount of water as
uniformly as the sprinkler nozzles under the pivot. The two sensor locations irrigated only by the
end gun in the southwest and southeast corners of the field are extremely dry from lack of rain
and lack of irrigation water. For that reason, only the 39 sensor locations that were underneath
the center pivot were used in the following analyses.
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Figure 2.11

Before (left) and after (right) an irrigation event on June 26 and June 27, 2018.

Soil Tension Correlations
Scatter plots were created to evaluate the correlation between soil moisture and other
variables such as plant height and LAI to investigate the possibility of using them as surrogates
to estimate soil moisture. Results for the three growing seasons are shown in Figures 2.12, 2.13,
and 2.14. Although correlations were not strong, there was a greater correlation between soil
tension and plant height than with soil tension and LAI for all three years. The R2 for plant
height vs soil tension in 2018, 2019, and 2020 was 0.221, 0.559, and 0.408, respectively. Also,
the R2 for LAI vs soil tension in 2018, 2019, and 2020 was 0.0629, 0.437, and 0.346,
respectively. Correlation matrices were also generated for the days that LAI and plant height
were measured each season, based on whether those days were classified as dry or wet. A day
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was considered dry when soil tension was ≥ 40cb and wet when soil tension measured < 40 cb.
The R2 values for 2018, 2019, and 2020 for plant height and soil tension were 0.003 for wet and
0.005 for dry days ; 0.488 for wet and 0.0002 for dry days; and 0.207 for wet and 0.011 for dry
days, respectively. In addition, the R2 values for 2018, 2019, and 2020 for LAI and soil tension
are as follows: 0.096 for wet and 0.062 for dry days; 0.471 for wet and 0.009 for dry days; and
0.276 for wet and 0.045 for dry days, respectively. Correlations were better, with higher R2
values, on wet days when comparing plant height with soil tension and also LAI with soil tension
over all three years, except in 2018 for the correlation of plant height and soil tension. We also
averaged soil tension data over seven days leading up to the day of LAI and plant height
measurements and correlated the seven-day average soil tension to both plant height and LAI.
Those correlations were comparable to the correlations of the one-day averages.
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Figure 2.12

Correlation of plant height and soil water tension (a) and LAI and soil water
tension (b) for soybeans grown in 2018.
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Figure 2.13

Correlation of plant height and soil water tension (a) and LAI and soil water
tension (b) for corn grown in 2019.
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Figure 2.14

Correlation of plant height and soil water tension (a) and LAI and soil water
tension (b) for soybeans grown in 2020.

In 2018, the data show that there is a negative relationship between soil tension and plant
height and soil tension and LAI, but in 2019 and 2020, the data show a positive relationship for
both. This could be because of the rainfall timing in the three different growing seasons. During
the 2018 growing season, the field received a 19 mm irrigation application on July 13, followed
by a 23 mm rainfall event on July 15. Another rainfall event of 31 mm occurred just four days
later on July 19. There were 73 mm of water added to the soil profile over a 7-day period,
causing the soil tension readings to decrease during the same time peak LAI and plant height
were recorded, and this likely caused the inverse relationship. During the 2019 and 2020 seasons,
the lowest values (0 – 30 cb) for soil tension occurred during the early weeks following
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installation from early season rainfall. Soil tension values never drop that low again because
there were not any instances where the producer irrigated that close to multiple large rainfall
events.
IDW results
The results for the IDW interpolations are shown in Tables 2.1, 2.2, and 2.3 for each
growing season. The highlighted cells indicate the day that had the higher R2 value when
compared to the day that was closest in time to it to comparing before and after an irrigation or
rainfall, e.g. 2018, July 1 versus July 3 (dry vs wet). This was repeated for every ‘set’ of wet and
dry days and for every sampling scheme. In 2018, the highest R2 values occurred more often on
days that were considered wet, with higher R2 values on 14 wet days and higher R2 values on
only 7 dry days. The opposite occurred in 2019 and 2020 with higher R2 values occurring more
often on the dry days – 13 times out of 21 comparisons in 2019 and 15 of 21 comparisons in
2020. Also, the average R2 generally increased as the number of sensor sets increased for all
three years. The management zone scheme did not perform better, on average, than the four
equally-spaced sensor scheme for all three years. On July 24 and July 26, 2020 there was missing
soil tension data. In the 25% scheme where only nine sensors are used on a grid, three were
missing data for July 24 and July 26, so only six sensors were used for the predictions, resulting
in a poor R2 value. Also, these same three points were missing data for August 8 and 10, 2020,
so they were excluded from the 100% scheme with all 39 sensor locations for those days. Periods
of missing data occurred because a battery died unexpectedly, or the data logger simply quit
logging and had to be reset. Visits were made to the field each week to collect field data, so no
period of missing data lasted more than one week. This occurred sporadically during all three
seasons but more often in 2020, causing some data to be lost. The sensor schemes can be seen in
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Figure 2.15, and the schemes with missing data (100% coverage and the 25% scheme) are shown
in Figure 2.16, with the locations missing data in yellow.

Table 2.1

2018 IDW model performance. R2 for each day and sampling scheme.

Date
Dry June 26
Wet June 27
Dry July1
Wet July 3
Dry July 31
Wet July 29
Mean
St dev
median
max
min
range

Elevation
Growth Management
Stage
Zone (4)
R3
0.3188
R3
0.2349
R4
0.0001
R4
0.0616
R5.5
0.0043
R5.5
0.1617
0.1302
0.1304
0.1116
0.3188
0.0001
0.3187

10%
(4)
0.2561
0.1248
0.0739
0.1728
0.0661
0.0967
0.1317
0.0722
0.1107
0.2561
0.0661
0.1900
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15%
(5)
0.3143
0.2039
0.0000
0.0055
0.0742
0.1536
0.1253
0.1228
0.1139
0.3143
0.0000
0.3143

25%
(9)
0.4440
0.2336
0.3129
0.2329
0.1306
0.1796
0.2556
0.1106
0.2332
0.4440
0.1306
0.3135

33%
(12)
0.4919
0.2030
0.1821
0.4828
0.3097
0.3295
0.3332
0.1326
0.3196
0.4919
0.1821
0.3097

50%
(18)
0.4492
0.6474
0.4595
0.4983
0.0519
0.1620
0.3780
0.2244
0.4543
0.6474
0.0519
0.5955

65%
(25)
0.7167
0.7526
0.7779
0.6773
0.3483
0.4866
0.6266
0.1712
0.6970
0.7779
0.3483
0.4295

Table 2.2

2019 IDW model performance. R2 for each day and sampling scheme.

Date
June 17
June 20
July1
July 2

Dry
Wet
Dry
Wet
Wet July 17
Dry July 30
Mean
St dev
median
max
min
range

Table 2.3

Dry
Wet
Dry
Wet
Dry
Wet

Growth
Stage
R3
R3
R4
R4
R5
R6

Elevation
Management
Zone (4)
10%(4) 15%(5) 25%(9) 33%(12) 50%(18) 65%(25)
0.0021 0.0996 0.0508 0.3097
0.0834
0.3456
0.5273
0.0472 0.0035 0.0405 0.0798
0.3794
0.3269
0.4200
0.1971 0.0751 0.1028 0.3096
0.2957
0.5448
0.6381
0.0001 0.0983 0.1036 0.2174
0.5011
0.5140
0.5496
0.0010
0.0180
0.0442
0.0770
0.0100
0.1971
0.0001
0.1969

0.0016
0.0045
0.0471
0.0489
0.0398
0.0996
0.0016
0.0981

0.0433
0.0358
0.0628
0.0317
0.0471
0.1036
0.0358
0.0678

0.0552
0.1566
0.1881
0.1103
0.1870
0.3097
0.0552
0.2545

0.2024
0.3010
0.2938
0.1435
0.2983
0.5011
0.0834
0.4176

0.3752
0.2262
0.3888
0.1203
0.3604
0.5448
0.2262
0.3186

0.4307
0.6680
0.5390
0.1026
0.5384
0.6680
0.4200
0.2481

2020 IDW model performance. R2 for each day and sampling scheme.

Date
June 24
June 26
July 24
July 26
August
10
August 8
Mean
St dev
median
max
min
range

Elevation
Growth Management
Stage
Zone (4)
10%(4) 15%(5) 25%(9) 33%(12) 50%(18) 65%(25)
R3
0.2085 0.3155 0.3092 0.0641
0.4952
0.3235
0.5306
R3
0.0407 0.0011 0.0354 0.0461
0.5000
0.0352
0.7750
R4.5
0.1065 0.0488 0.0433 0.0103
0.1977
0.3494
0.6689
R4.5
0.0121 0.0221 0.0084 0.0005
0.3605
0.1717
0.3671
R6
R6

0.0046
0.0914
0.0773
0.0763
0.0661
0.2085
0.0046
0.2039

0.0255
0.0934
0.0844
0.1175
0.0372
0.3155
0.0011
0.3144
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0.0215
0.0138
0.0719
0.1170
0.0285
0.3092
0.0084
0.3008

0.0969
0.0730
0.0485
0.0373
0.0551
0.0969
0.0005
0.0964

0.1694
0.0952
0.3030
0.1739
0.2791
0.5000
0.0952
0.4048

0.3876
0.4215
0.2815
0.1483
0.3365
0.4215
0.0352
0.3863

0.7708
0.6753
0.6313
0.1571
0.6721
0.7750
0.3671
0.4078

Figure 2.15

IDW sampling schemes.

Figure 2.16

The two sampling schemes with sensor locations that are missing data in 2020.
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Figure 2.17 shows the IDW results of a dry date before an irrigation event in 2018 for all
sampling schemes. The data used to make the IDW interpolations were the daily depth-weighted
averages for June 26. The soil tension classes were roughly grouped with the irrigation
thresholds in mind. Soil moisture values under 40 cb are considered to have adequate soil
moisture. Soil tension values in the range of 41-60 cb are approaching the recommended
irrigation threshold, and soil tension readings in the range of 61 – 70 cb are at the recommended
irrigation threshold for center pivot irrigation systems. Soil tension values over 70 cb indicate the
field needs to be irrigated as soon as possible (Henry et al. n.d.; Krutz and Roach 2016).
Unless a producer has the ability to apply precision irrigation, an irrigation decision for
any given field is usually made based on the soil moisture for the majority of the field. It is
important to keep this in mind when determining the number of sensors needed in a field. In
Figure 2.17, the decision to irrigate on June 26, 2018 would be supported by each of the
management schemes. The same irrigation decision could be made with only one set of sensors
present in the field, as long as this sensor set was not located in the low spot in the northwestern
corner of the field.
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Figure 2.17

IDW sampling schemes for June 26, 2018.

Figure 2.18 shows 2018 and 2019 yield and the variety trials are evident on the east side
of the field with very low yield recorded because part of the variety trials were harvested by
Mississippi State University to record the results of the variety trials. It is obvious that the
northern tip of the field was not irrigated, and the impacts of that are shown by the lower values
of yield. Also, in 2018 the low elevation spot in the field on the west side had a negative impact
on yield. In 2019 the yield was negatively impacted in the southwest portion of the field by a
gulley that was formed early in the season when there was very heavy rainfall and close to the
planting date which was away a lot of the seed and needed to be replanted.
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Figure 2.18

2018 (left) and 2019 (right) yield results.

Figure 2.19 shows the progression patterns of the soil tension across the field as the soil
dries, for all three growing seasons. Each set of images shows four consecutive days prior to an
irrigation event, with the fourth day falling immediately before the irrigation event. All three
years show a similar pattern of a wet spot on the west side of the field that correlates to the low
elevation on the DEM. The western side of the field that is lower in elevation dried out slower
than the rest of the field. Also, there is an area on the central part of the eastern side that dried
out slower as well, while the middle of the field generally dried out at the same rate. The overall
drying pattern generally holds true for all three years as well.
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Figure 2.19

2018, 2019, and 2020 soil tension progression for days leading up to an irrigation
event.

Conclusions
The results correlating LAI and plant height to measured soil tension show that
vegetative variables alone cannot be used to predict soil moisture variability. When there are
high amounts of rainfall and irrigation during the peak LAI and plant height, there is a negative
relationship between soil tension and plant height and soil tension and LAI, although the
correlations still have similar absolute values. Even with a homogenous soil type, there is
considerable soil moisture variability. Some of this variability can be explained by the
topography of the field and the six-meter difference in elevation over the field causing water to
move to the low-lying areas.
Even when evaluating soil moisture through the crop’s active rooting zone, soil moisture
variability is highest when the soil is driest as others have also found (Barker et al. 2017; Baroni
et al. 2013; Lo et al. 2020a). Although there is variability in soil tension between the measured
point locations, each set of sensors responded to the all irrigation and rainfall events that were
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more than 5 mm. There was also a similar pattern of drying as the field dried out each time, with
the western side of the field that is lower in elevation drying out slower than the rest of the field.
The central part of the eastern side of the field dried out more slowly, while the middle of the
field generally dried out at the same rate possibly due to elevation difference.
When comparing the sampling schemes, it appears that the density of the sensors is not as
important as the placement of sensors within the field if uniform irrigation applications are made.
In this field with the uniform irrigation applications, the elevation management zone would be
the best scheme to use because it combines previous general recommendations of using soil
moisture sensors with center pivots such as placing one at the beginning and end of the cycle,
and considers the differences in elevation. So, the four point locations in Figure 2.2 would be the
best locations for the producer to use in this field. The elevation scheme does not perform better
than the gridded scheme with only four sensor sets in terms of predicting the soil moisture over
the whole field, but if it is used, the same irrigation decision would be made. If variable rate
irrigation (VRI) is used, more sensors in a denser pattern may be needed to define management
zones. Since the general drying pattern holds true for the field all three growing seasons, a
grower could use a higher density of sensors for one to three years on a field by field basis to
determine the drying patterns of each field. Then, after the pattern is identified, management
zones can be created, and a more economical approach of fewer sensors can be used for either
VRI or uniform applications.
After three seasons of data collection with two of the three being soybean crops and one
being a corn crop, there does not seem to be much of a difference in spatial soil moisture patterns
of water usage between the two crops, but future data collection is planned to better capture
those differences and similarities.
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CHAPTER III
A MODELING APPROACH USING DSSAT TO SIMULATE IN-FIELD SOIL MOISTURE
VARIABILITY
Introduction
Decision Support System for Agrotechnology Transfer (DSSAT)
Irrigation scheduling is a decision that many producers face every year. There are many
methods that are used to determine irrigation timing, including evapotranspiration (ET) - based
irrigation scheduling, various model based schedules, and scheduling using sensors (Anjitha
Krishna 2018; Jabro et al. 2020; Tang et al. 2017; Thorp et al. 2017). Studies have shown a need
to account for field scale variability of soil moisture dating back to the early 1970s using
tensiometers (Nielsen et al. 1973) to more recent studies as well, as explained by Vereecken et
al. (2014). The paper discusses many methods that have been used in the past including time
domain reflectometry, capacitance and time domain transmissometry sensors, wireless soil
moisture sensor networks, and even remote sensing methods of assessing soil moisture at the
field scale.
One commonly used model is the Decision Support System for Agrotechnology Transfer
(DSSAT) suite of models. DSSAT is a crop modeling ecosystem comprised of multiple models
that help users predict growth, development, and yield of many crops grown around the world.
The results are based on crop genetics, weather, and management practices (Hoogenboom et al.
2019). There is minimum data required to run the model, such as daily weather data, soil data
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including both surface and profile data, and crop management information. There are many
different simulations that can be evaluated using DSSAT. A full growing season for a crop can
be simulated to evaluate when the predicted growth stages will occur as opposed to what
happened in the field. The crop model system will even calculate a water balance based on plant
growth stage and how much rain or irrigation the plants have received (Hoogenboom et al.
2019).
DSSAT is a beneficial tool to researchers, because it is a less expensive, time saving
method for conducting trials or experiments than physically doing field experiments. Multiple
studies have used DSSAT in precision agriculture applications (Paz et al. 1998; Seidl et al. 2004;
Thorp et al. 2008). Paz et al. (1998) used a gridded field to compare observed yield data to
predicted yield from the model. Crop coefficients were based on soil survey data and optimized
based on knowledge of the field to improve the results. The root mean square error (RMSE) was
lower, and the r2 was higher after adjusting the crop coefficients. The field was divided into grids
to compare the variability for different soil parameters across the field. Paz et al. (1999) also
used a model in DSSAT called CERES-Maize crop growth model to characterize corn yield
variability. The DSSAT model was employed to create and evaluate prescriptions for Variable
Rate Nitrogen across a field, and results showed that the implementation of the DSSAT
prescription on a grid level resulted in higher yields and profit while using less nitrogen (Paz et
al. 1999).
The DSSAT suite of models have also been used to evaluate irrigation management
(Guzmán et al. 2018; Kisekka et al. 2017; Liu et al. 2011; McClendon et al. 1996; Thorp et al.
2017; Timsina et al. 2008). Liu et al. (2011) conducted a study that simulated and evaluated the
soil water content in a controlled tile drainage and subsurface irrigation system. They found that
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CROPGRO-Soybean and CERES-Maize were useful tools for simulating near-surface soil water
content (1-30 cm). Another study completed in Kansas used DSSAT to simulate preplant
irrigations under limited water conditions (Kisekka et al. 2017). They found that the model had a
high index of agreement (d > 0.88) and was therefore reliable to use for their study. In the Texas
High Plains, researchers used the CROPGRO-Soybean model in DSSAT to find the most
economical irrigation trigger in terms of water use efficiency and maintaining yield and provided
results that were similar to field trials done in the same region (Sharda et al. 2019). Guzmán et al.
(2018) used the CROPGRO-Soybean model to simulate multiple irrigation thresholds in
soybeans in the Mississippi Delta Region and the effects they have on groundwater levels.
Methodology
Site Description
The study area (Figure 2.1) was a production agriculture field in Brooksville, Mississippi,
which is in the Blackland Prairie region (MLRA 135A, n.d.) located in the east central area of
the state. The soil type was predominantly Brooksville Silty Clay (91.8%) with 8.2% Catalpa
Silty Clay on the northwest portion of the field near a ditch that is occasionally flooded (Soil
Survey Staff et al., n.d.). The field was an 18-ha field irrigated by a center pivot system, and the
primary crops grown were corn and soybeans, which are rotated annually. Irrigated soybean
variety trials were also conducted in the field in 2018 and 2020. When harvesting the variety
trials, researchers harvested the middle two rows of each individual plot, and the farmer
harvested the remaining rows when he harvested the field. Collection of weather data began on
May 11, 2018 from a Campbell Scientific weather station that was used by the MSU Extension
Service for soybean variety trials. A Watchdog 2900 ET weather station was placed in the
northeastern corner of the field outside of the field boundary beginning November of 2019, and
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this weather station was used for collection of weather data for the remainder of the study period
until September 12, 2020. If there were any missing data between those two weather stations, a
weather station at the Black Belt Experiment station just 4.8 km away was used to fill in the
missing data. Soybeans were planted in 2018 and 2020, and corn was grown in 2019.

Figure 3.1

Study site located in Brooksville, MS.

The field was farmed and managed by the producer, and the authors had access to the
field to install and uninstall soil moisture sensors and data loggers and collect weekly field data
throughout each growing season. All management decisions were made by the producer. In
2018, Terral 51A56 soybeans were planted on May 3 at a seeding rate of 296,500 seeds per
hectare, and soil moisture sensors were installed on May 23-25, 2018 at 30.5 and 61 cm. A total
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of 40 mm of rainfall was received from planting date to sensor installation, and 215 mm of
precipitation was received while sensors were installed from May 23 to September 12, 2018,
when the sensors were removed prior to harvest. In addition, seven irrigation applications
totaling 125 mm were made with the center pivot during this period, for a total of 380 mm water
provided to the crop between planting and harvest. Soybeans were harvested on September 19,
2018. For the 2019 growing season, Dekalb 68-69 corn was planted on March 30 using seeding
rates of 84,000 and 69,200 seeds per hectare under the pivot and outside of the pivot,
respectively. From planting date to May 2 when the sensors were installed at depths of 30.5, 61,
and 76 cm, 254 mm of rain was received. From May 2 to August 7, 2019, the field received 357
mm of rainfall and 78 mm of water through center pivot irrigation over five irrigation
applications. Sensors were removed on August 7, 2019, and the corn was harvested on August
22, 2019. A total of 689 mm of water was received by the corn crop from planting through
harvest. Progeny 1851 soybeans were planted on May 4, 2020 at 296,500 seeds per hectare, and
sensors were installed on May 22, 2020 at 30.5 and 61 cm and removed on September 2, 2020.
The field received 45 mm of rain from planting on May 4 to sensor installation on May 22, and
310 mm from May 22 to September 2, 2020 when sensors were removed. An additional 80 mm
of water was received through four irrigation applications, for a season total of 435 mm.
Data Collection
A 55 x 55 meter grid was applied to the field, resulting in 44 point locations under the
pivot or end gun range. At each grid center point, Watermark 2200 GMS sensors were placed in
the row with the plants at 31 cm and 61 cm depths and connected to a Watermark 900m data
logger set up to log hourly measurements. Sensors were installed early in the growing season
when the plant was roughly 15 cm tall, and care was taken to avoid any skips in the row. Soil
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moisture was adequate for germination each year from the amount of rainfall that came a week
before and after planting (8 mm in 2018 and 64 mm in 2019), except in 2020 when the producer
irrigated 10 mm on May 11 to get an even stand because he had only received 7 mm and no rain
was in the forecast. Installation holes were easily drilled with a power auger equipped with a 22mm bit. When installing sensors, the manufacturer’s instructions were followed for preconditioning through installation (“Installation and Operating Instructions: Watermark Soil
Moisture Meter” n.d.), ensuring the sensors were ‘grouted’ into the soil with good soil to sensor
contact.
Leaf Area Index (LAI) and plant height were measured at each grid center point almost
weekly throughout each growing season. In 2018 and the first three measurement dates in 2019,
a Li-COR LAI-2000 (Li-COR, Inc., Lincoln, NE) plant canopy analyzer was used to measure
LAI. It was replaced with a newer model Li-COR LAI-2200C (Li-COR, Inc., Lincoln, NE) plant
canopy analyzer on July 12, 2019. There were eight collection days in 2018 on June 26; July 6,
12, 18, and 25; and August 2, 9, and 17. In 2019, field measurements were recorded on 12 days
as follows: May 16, 23, and 31; June 12, 19, and 26; July 3, 10, 19, 24, and 31; and August 7. In
2020, field measurements were recorded on 10 days: June 4, 11, 17, and 30; July 15, 23, and 31;
and August 6, 14, and 24. The LAI measurements were taken early in the morning in diffuse
light, without direct sunlight to the lens and in accordance with the LI-COR instruction manual
(2016). Also, a 270° lens cap was used to block the user from the sight of the lens. When
conducting the measurements, one reading above the canopy was recorded, and four readings
were measured below the canopy to get a spatial average along and across the row. At the same
time LAI measurements were collected, a tape measure was used to take three measurements for
plant height in each grid cell, and the average value was recorded. On days when field
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measurements were taken, soil tension data was also downloaded from each datalogger using an
Irrometer data shuttle (Irrometer Company, Inc., Riverside, CA), and growth stage of the crop
was recorded.
Soil samples were pulled on September 20, 2018 to analyze soil texture. Three to four 61cm soil cores were pulled from each grid cell in the field using an AMS soil probe (AMS, Inc.,
American Falls, ID). For each grid cell, individual cores were mixed to form a composite
sample, and these 44 composite samples were subsequently analyzed at the Mississippi State
University Soil Lab using the hydrometer method (Gee and Bauder 1986).
Model Description
In this study, the CROPGRO-Soybean model in the DSSAT suite of models was utilized
to simulate the growth and development of irrigated soybean and examine the soil moisture
variability in the field throughout the 2018 and 2020 growing seasons. In order to run
simulations in DSSAT, the user must first provide a minimum data set to the program. Daily
weather, soil data including both surface and profile data, and crop management information was
entered into the model. Weather data includes daily maximum and minimum temperature, daily
solar radiation, and daily precipitation. Soil data includes permanent wilting point, saturation,
field capacity, percent clay, percent silt, bulk density, soil root growth distribution factor, and
soil texture. Crop management includes but is not limited to management practices such as
cultivar, planting date, fertilizer applications, tillage practices, irrigation dates, and harvest date.
Weather files have a file extension of .WTH, soil files have an extension of .SOL, and
management files have an extension of .SBX for soybeans. Weather data was collected from the
previously mentioned onsite weather stations. Soil texture, percent silt, and percent clay were
obtained for each grid cell from the fall 2018 soils analysis. Additional soil samples were
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retrieved from the field in January 2020 and sent to the Meter Group (Meter Group Inc.,
Pullman, WA) to develop soil moisture release curves for the two soil types found in the field
using the Hyprop system (Meter Group Inc., Pullman, WA). Wilting point, saturation, field
capacity, and bulk density were obtained from the soil moisture release curves using the van
Genuchten (1980), and management practices were provided by the producer.
The next step in running simulations was to finish creating experimental files, or X files.
After inputting the management details, treatment details with different model experiments were
inserted into the X file. Many treatments can be examined similar to a field experiment. Cultivar,
field conditions, planting dates, irrigation dates, fertilizer applications, harvest dates, etc., were
modified in the X files for multiple treatments to compare model results without physically
conducting experiments.
Model Calibration
When performing model predictions in DSSAT, it is important to calibrate the genetic
coefficients to achieve the most accurate results. Since each hybrid is different, it is important to
calibrate the model for each one. The trial and error method is commonly used when calibrating
genetic coefficients in the DSSAT model, and it was used in this study (Malik and Dechmi 2019;
Seidel et al. 2018). Within the CROPGRO-Soybean model, there are files that contain preset
coefficients for generic maturity groups. A group V maturity group was planted in 2018 and
2020, but when running the model with group IV, V, and VI maturity groups, the group IV
performed more similar to our measured data of LAI, plant height, and final yield.
There were two soil textures in the field, and representatives of both textures are shown
in Tables 3.1 and 3.2. The parameters in the tables are soil depth in cm, soil layer, lower limit
(LL) or permanent wilting point, upper limit (UL) or field capacity, saturation (SAT), soil root
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growth factor (SRGF), saturated hydraulic conductivity (KS), bulk density (BD), percent clay
(CL), and percent silt (SI). Table 3.1 shows a silty clay loam sample, which was represented in
39 of the 44 grid cells, and Table 3.2 shows a silt loam sample that was present in the other 5
grid cells in the field. The depths that are shown are from the Web Soil Survey database (Soil
Survey Staff et al. n.d.), and the LL, UL, SAT, KS, and BD were all calculated from the soil
moisture release curves using the van Genuchten (1980) equation. The percent clay and percent
silt were calculated from soil sample analysis in the Mississippi State Soils Lab using the
hydrometer method (Gee and Bauder 1986).

Table 3.1
Depth
(cm)
58
135
200

Soil
Layer
Ap
Bw
C

Table 3.2
Depth
(cm)
58
135
200

Silty Clay Loam soil parameters.
LL
UL
SAT
SRGF
KS
(mm3/mm3) (mm3/mm3) (mm3/mm3)
(cm h -1)
0.229
0.48
0.604
1
0.68
0.229
0.48
0.604
0.145
0.68
0.229
0.48
0.604
0.035
0.68

BD
(g cm -3)
1.36
1.36
1.36

CL
(%)
30
30
30

SI
(%)
65
65
65

BD
(g cm -3)
1.22
1.22
1.22

CL
(%)
25
25
25

SI
(%)
66.3
66.3
66.3

Silt Loam soil parameters.
Soil
Layer
Ap
Bw
C

LL
UL
SAT
SRGF
KS
3
3
3
3
3
(mm /mm ) (mm /mm ) (mm /mm )
(cm h -1)
0.232
0.448
0.565
1
0.68
0.232
0.448
0.565
0.145
0.68
0.232
0.448
0.565
0.035
0.68
3

Model Evaluation
Multiple statistics were used to test the effectiveness of the model, including root mean
square error (RMSE), normalized root mean square error (nRMSE), and Willmott’s index of
agreement (d) (1985).
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∑ni=1 (Pi − Oi )2
n

(3.1)

nRMSE = 𝑅𝑀𝑆𝐸 ∗ 𝑋̅/100

(3.1)

∑ni=1 (Pi − Oi )2
d= 1− n
̅ | + |Oi − O
̅ |)2
∑i=1( |Pi − O

(3.2)

RMSE = √

Where Pi is predicted value, Oi is observed value, n is number of observed values, and
̅ ) is mean of observed values.
(Oi
An nRMSE value < 10%, 10-20%, 20-30%, and >30% is considered excellent, good,
fair, and poor, respectively, and this approach was utilized in previous similar studies (Kadiyala
et al. 2015; Malik and Dechmi 2019). Also, the standard for an acceptable d statistic is if d ≥
0.75 for evaluating plant growth outputs and d ≥ 0.60 when evaluating soil water outputs (Yang
et al. 2014).
Results
The Model Evaluation
Two crop variables were measured (LAI and plant height) in 2018 and 2020 and used to
evaluate the model predictions. Crop yield was also measured in 2018 and used to evaluate the
model predictions as well. LAI and plant height were measured weekly throughout the growing
season, and the final grain yield was measured in the combine yield monitor. LAI and plant
height can be compared relatively easily using the DSSAT model in GBuild, or the data can be
exported and analyzed in many other software packages.
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In Figure 3.2, the 2018 measured data are represented as the points, and the line
represents the model predictions of plant height and LAI with very little difference predicted
between the two soil types. Figure 3.3 shows the nRMSE for plant height and LAI in 2018. It is
gathered into a histogram that shows the number of locations that had an nRMSE of < 10%, 1020%, 20-30%, and >30% which are considered excellent, good, fair, and poor, respectively
(Kadiyala et al. 2015; Malik and Dechmi 2019). The model performed well for most of the grid
cells for both LAI and plant height, with LAI having four in the excellent range, 29 in the good
range, 10 in the fair range and only one in the poor range. Plant height had 41 grid cells in the
excellent range and the remaining three in the good range. The plant height d statistic for the
2018 season also met the minimum criteria of 0.75 for all 44 grid cells and ranged from 0.81 to
0.98. The LAI d statistic ranged from 0.02 to 0.89 across the field and did not have as many
locations meet the criteria, with only 11 of the 44 grid cells having a value above 0.75.
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Figure 3.2

2018 (a) plant height and (b) LAI model predictions with the measured data as
points.
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Figure 3.3

Histogram of nRMSE for (a) plant height and (b) LAI in 2018.

Figure 3.4 shows the relationship between the predicted and measured plant height and
LAI values for the 2018 season. The results show that the model did a better job of predicting
plant height more so than LAI, with the slope being closer to 1 (0.78) for plant height versus 0.25
for LAI. The observed and predicted values also have a tighter fit for plant height (R2 = 0.77)
than for LAI (R2 = 0.17). Figure 3.5 shows the predicted and measured yield in 2018 and it has a
low R2 value of 0.0016.
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Figure 3.4

Observed vs predicted data for (a) plant height and (b) LAI in 2018.

Figure 3.5

Observed yield vs predicted yield in 2018.
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In Figure 3.6, the 2020 measured data are represented the same as the 2018 data for plant
height and LAI, and Figure 3.7 contains the 2020 data for the nRMSE values for plant height and
LAI. The model also performed well in 2020. The plant height nRMSE had 16 grid cells in the
excellent range, 27 in the good range, and only 1 in the fair range, while LAI had 4, 25, and 15
grid points in the excellent, good, and fair ranges, respectively. The minimum criteria of 0.75 for
the d statistic was met by all locations for both LAI and plant height in 2020, with the d stat
values ranging from 0.93 to 0.99 and 0.91 to 0.99, respectively, for LAI and plant height in 2020.
Plant height was predicted better than LAI in terms of d statistic in 2018, but the d statistics were
very similar for both LAI and plant height in 2020. In both years, plant height predictions were
better than LAI in terms of nRMSE. The soil type has no effect on the model predictions for
plant height, but the line that decreases in LAI faster is predicted for the points with a Silt Loam
texture.
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Figure 3.6

2020 (a) plant height and (b) LAI model predictions with the measured data as
points.
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Figure 3.7

Histogram of nRMSE for (a) plant height and (b) LAI in 2020.

Figure 3.8 shows the observed and predicted values for both plant height and LAI during
the 2020 growing season. The model does a good job of predicting the values for both plant
height and LAI with both lines having a slope close to 1 at 0.86 and 0.85, respectively. Also, the
trendline falls close to the 1:1 line for both, so the model does not under predict or over predict
either of the variables. The plant height data does have a slightly better R2 value (R2 = 0.95) than
the LAI data (R2 = 0.86), suggesting that LAI was more variable across the field than plant
height. The model predicted the same value for each grid cell in the field for both plant height
and LAI for a given day because the only difference was in soil texture, and it was insufficient to
cause a difference in predicted values. As a result, the model does not explain much of the
variation in plant height and LAI that was seen in the field.
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Figure 3.8

Observed vs Predicted data for (a) plant height and (b) LAI in 2020.

In Figure 3.9, the nRMSE is presented for soil moisture content at both sensor depths of
31 and 61 cm, which are labeled SW4D and SW6D, respectively, in the SoilWat.OUT file during
the 2018 growing season. Based on the nRMSE statistic, the model does an excellent, good, and
fair job of predicting the soil moisture content at the 31-cm sensor depth for 16, 27, and 1
location(s), respectively, in 2018. In addition, the nRMSE statistic shows that the model does an
excellent, good, and fair job of predicting the soil moisture content of the 61-cm sensor for 4, 25,
and 15 locations, respectively, in 2018. Also, the d statistic shows good agreement in that the
model does an adequate job of predicting soil moisture content at a depth of 31 cm because 36 of
the 44 point locations have a d statistic > 0.6 in 2018. Conversely, the d statistic at a depth of 61
cm was < 0.6 for all point locations in 2018. Figure 3.10 shows that the model results for the 61cm depth are not as responsive to rainfall and irrigation events as the measured data, and the
model under predicts the soil moisture for the majority of the 2018 season at a depth of 61 cm.
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Figure 3.9

Histogram of nRMSE for the soil moisture content at the (a) 31-cm sensor depth
and the (b) 61-cm sensor depth in 2018.
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Figure 3.10

2018 (a) 31 cm and (b) 61 cm modeled soil moisture with the measured data as
box plots on the 8 days LAI and plant height were also measured.
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Figure 3.11 shows the observed and predicted values for soil moisture content (SMC) at
depths of 31 and 61 cm for the 2018 growing season. The slope of the trendline is closer to one
for the depth of 31 cm than the depth of 61 cm (0.36 vs 0.09). The data falls along the 1:1 line
though for comparisons at both depths, so the model does not over or under predict the SMC.
The low R2 values indicate that the variation in soil moisture is not predicted by the model, but
the shallow sensor data matches the predictions better than the 61-cm sensor data.

Figure 3.11

Observed vs Predicted data for SMC (a) at 31 cm and (b) 61 cm in 2018.

In Figure 3.12, the nRMSE is presented for soil moisture content at both sensor depths of
31 and 61 cm during the 2020 growing season. The model does not predict soil moisture as well
in 2020 as compared to 2018. According to the nRMSE statistic, the model does a fair and poor
job of predicting the soil moisture content at the 31-cm depth for 15 and 29 locations,
respectively, in 2020. At a depth of 61 cm, the nRMSE statistic indicates that the model does a
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fair and poor job of predicting the soil moisture content for 34 and 10 locations, respectively, in
2020. Also, the d statistic shows that the model does not predict the soil moisture content well in
2020 at the 31-cm depth because only 3 of the 44 grid points have a d statistic > 0.6 in 2020. The
d statistic was > 0.6 for 11 of the 44 grid points at the 61-cm depth in 2020. Figure 3.13 shows
that the model results at both depths of 31 and 61 cm are not as responsive to rainfall and
irrigation events as the measured data, and the model under predicts soil moisture for the
majority of the 2020 season at both depths.

Figure 3.12

Histogram of nRMSE for the (a) 31 cm sensor and the (b) 61 cm sensor in 2020.
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Figure 3.13

2020 (a) 31 cm and (b) 61 cm modeled soil moisture with the measured data as
box plots on the 10 days LAI and plant height were also measured.
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Figure 3.14 shows observed and predicted values for SMC at sensor depths of 31 and 61
cm for the 2020 growing season. The slope of the trendline for the 31-cm data is closer to one
than for the 31 cm (0.69 vs 0.52). The data falls under the 1:1 line though for both datasets, so
the model under predicts the SMC at both sensor depths. The R2 values show that the 61 CM
sensor data matches the predictions better than the 31-cm sensor data (0.71 vs 0.36).

Figure 3.14

Observed vs Predicted SMC (a) at 31 cm and (b) 61 cm in 2020.

Figure 3.15 shows the DSSAT-predicted irrigation applications in 2018, while Figure
2.16 shows the actual irrigation events that occurred that same year. It is evident that the soil
type affects the timing of the irrigation predictions. In 2018, the model only predicts one
irrigation event for either soil type in the field with a total of 60 and 69 mm for silt loam and silty
clay loam, respectively. The grower actually irrigated 7 times in 2018, for a total of 125 mm of
irrigation. Although, the grower irrigated 6 more times than the model predicted, his irrigation
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amounts were in small increments, generally 19 mm, but the model suggested a larger irrigation
amount at one time. The irrigation schedule predicted by the DSSAT model was 48% (silt loam)
to 44% (silty clay loam) of the amount the grower applied in 2018, depending on soil texture.
The model predicted irrigation timing based on the top 60 cm of the soil profile and a 40%
irrigation threshold.

Figure 3.15

2018 DSSAT predicted irrigation events for both soil types in the field.
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Figure 3.16

2018 actual irrigation applications.

Figures 3.17 and 3.18 show the DSSAT irrigation predictions and the actual irrigation
events, respectively, during the 2020 growing season. The model predicts two irrigation events
for the field for both soil types, but the silt loam applications are predicted earlier. The DSSAT
model predicted total irrigation amounts of 147 and 164 mm for the silt loam and silty clay loam
grid cells, respectively, for the 2020 growing season. The grower irrigated four times in 2020,
and the total amount applied was 180 mm over the growing season. The total quantity of
irrigation predicted by the DSSAT model was 82% (silt loam) and 91% (silty clay loam) of what
the grower actually applied.
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Figure 3.17

2020 DSSAT predicted irrigation events for both soil types in the field.
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Figure 3.18

2020 actual irrigation applications.

Conclusions
Overall, the CROPGRO-Soybean crop model does a good job of predicting the crop
variables (LAI and plant height) for both years, with plant height having the best results in terms
of nRMSE, and d stat in 2018. Plant height also had a better R2 value and a slope closer to one.
The model did not over predict or under predict the plant variables and had d statistics above the
acceptable value, but LAI had a low R2 and only 11 grid cells with acceptable d stats in 2018. In
2020 plant height had the best model results again, but the results showed that LAI predictions
were better in 2020 than LAI predictions in 2018, so the agreement of the predictions and
measured data for the two variables were very good in 2020. All of the grid cells in 2020 had
very high d statistics (>.92), and the majority of the locations showed excellent and good ratings
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in terms of nRMSE. The R2 values for both variables were very high along with a similar slope
in the regression equation close to one.
In 2018, the model did an adequate job of predicting soil moisture at the 31 cm depth
based on the d stat of the grid cells. There were 36 of 44 cells with a d stat > 0.6 and nRMSE
values less than 20%, so all of the grid cells classified as excellent and good. At the depth of 61
cm in 2018, the nRMSE was still considered excellent for one grid cell and good for the other 43
grid cells, but the d stats were all < 0.6. At both depths, all of the grid cells are in the excellent or
good range of nRMSE, but the 31-cm depth has more grid cells in the excellent range (25 vs 1).
The data also show that the 31-cm depth has a slope closer to one (0.36 vs 0.06) with a higher R2
value and are lined up more along the 1:1 line than the 61-cm depth. The model underpredicts
the soil moisture content at the 61-cm depth during the early part of the season.
For the 2020 growing season, the model does not predict the soil moisture as well, with
very low d stats and high nRMSE values at both depths. There were 14 and 24 grid cells
classified as fair for comparisons at depths of 31- and 61-cm, respectively. The remaining grid
cells have an nRMSE value > 30%, which is considered poor. The model does a slightly better
job of predicting the 61-cm depth more so than the 31-cm depth in 2020, but overall, the results
were not adequate in terms of the d statistic. The 31-cm depth only had one grid cell out of 44
with an acceptable d statistic > 0.6 and the 61-cm depth only had 8 grid cells with a d statistic
above 0.6. The DSSAT model underpredicts the soil moisture for both depths in 2020, and
neither depth reacts to rainfall or irrigation events late in the season. The soil moisture temporal
patterns for most of the year are modeled similarly to the actual measured temporal patterns, but
the model underpredicts the soil moisture throughout the year. Even though the soil moisture
content predictions agree better with the measured soil moisture content in 2018 more so than in
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2020, the irrigation predictions were more similar in 2020. This indicates that the producer may
have overirrigated in 2018.

75

References
Anjitha Krishna, P. R. (2018). Evapotranspiration and agriculture-A review. Agricultural
Research Communication Centre, 40(1), 1–11. https://doi.org/10.18805/ag.R-1848
Gee, G. W., & Bauder, J. W. (1986). Theory of Hydrometer Method. In A. Klute (Ed.), Methods
of Soil Analysis. Part 1. (Series 5., pp. 383–411). Madison, WI: Soil Science Society of
America, American Society of Agronomy.
Guzmán, S. M., Paz, J. O., Tagert, M. L. M., Mercer, A. E., & Pote, J. W. (2018). An integrated
SVR and crop model to estimate the impacts of irrigation on daily groundwater levels.
Agricultural Systems, 159, 248–259. https://doi.org/10.1016/j.agsy.2017.01.017
Hoogenboom, G., Porter, C. H., Shelia, V., Boote, K. J., Singh, U., White, J. W., et al. (2019).
Decision Support System for Agrotechnology Transfer(DSSAT) Version 4.7.5. DSSAT
Foundation, Gainesville, Florida, USA. https://dssat.net
Jabro, J. D., Stevens, W. B., Iversen, W. M., Allen, B. L., & Sainju, U. M. (2020). Irrigation
scheduling based on wireless sensors output and soil-water characteristic curve in two soils.
Sensors (Switzerland), 20(5), 1–12. https://doi.org/10.3390/s20051336
Kadiyala, M. D. M., Jones, J. W., Mylavarapu, R. S., Li, Y. C., & Reddy, M. D. (2015).
Identifying irrigation and nitrogen best management practices for aerobic rice-maize
cropping system for semi-arid tropics using CERES-rice and maize models. Agricultural
Water Management, 149, 23–32. https://doi.org/10.1016/j.agwat.2014.10.019
Kisekka, I., Schlegel, A., Ma, L., Gowda, P. H., & Prasad, P. V. V. (2017). Optimizing preplant
irrigation for maize under limited water in the High Plains. Agricultural Water
Management, 187, 154–163. https://doi.org/10.1016/j.agwat.2017.03.023
Liu, H. L., Yang, J. Y., Tan, C. S., Drury, C. F., Reynolds, W. D., Zhang, T. Q., et al. (2011).
Simulating water content, crop yield and nitrate-N loss under free and controlled tile
drainage with subsurface irrigation using the DSSAT model. Agricultural Water
Management, 98(6), 1105–1111. https://doi.org/10.1016/j.agwat.2011.01.017
Malik, W., & Dechmi, F. (2019). DSSAT modelling for best irrigation management practices
assessment under Mediterranean conditions. Agricultural Water Management,
216(January), 27–43. https://doi.org/10.1016/j.agwat.2019.01.017
McClendon, R. W., Hoogenboom, G., & Seginer, I. (1996). Optimal Control and Neural
Networks Applied to Peanut Irrigation Management. Transactions of the ASAE, 39(1), 275–
279.
Nielsen, D. R., Biggar, J. W., & Erh, K. T. (1973). Spatial Variability of Field-measured Soilwater Properties. Hilgardia, 42(7), 215–260.
76

Paz, J. O., Batchelor, W. D., Babcock, B. A., Colvin, T. S., Logsdon, S. D., Kaspar, T. C., &
Karlen, D. L. (1999). Model-based technique to determine variable rate nitrogen for corn.
Agricultural Systems, 61(1), 69–75. https://doi.org/10.1016/S0308-521X(99)00035-9
Paz, J. O., Batchelor, W. D., Colvin, T. S., Logsdon, S. D., Kaspar, T. C., & Karlen, D. L.
(1998). Analysis of Water Stress Effects Causing Spatial Yield Variability in Soybeans,
41(5), 1527–1534.
Seidel, S. J., Palosuo, T., Thorburn, P., & Wallach, D. (2018). Towards improved calibration of
crop models – Where are we now and where should we go? European Journal of
Agronomy, 94(August 2017), 25–35. https://doi.org/10.1016/j.eja.2018.01.006
Seidl, M. S., Batchelor, W. D., & Paz, J. O. (2004). Integrating Remotely Sensed Images With a
Soybean Model to Improve Spatial Yield Simulation. Transactions of the ASAE, 47(6),
2081–2090.
Sharda, V., Gowda, P. H., Marek, G., Kisekka, I., Ray, C., & Adhikari, P. (2019). Simulating the
Impacts of Irrigation Levels on Soybean Production in Texas High Plains to Manage
Diminishing Groundwater Levels. Journal of the American Water Resources Association,
55(1), 56–69. https://doi.org/10.1111/1752-1688.12720
Soil Survey Staff, Natural Resources Conservation Service, & Unitesd States Department of
Agriculture. (n.d.). Soil Report for Noxubee County, MS. Web Soil Survey.
https://websoilsurvey.sc.egov.usda.gov. Accessed 27 September 2019
Tang, Q., Feng, G., Fisher, D., Zhang, H., Ouyang, Y., Adeli, A., & Jenkins, J. (2017). Rain
Water Deficit and Irrigation Demand of Major Row Crops in the Mississippi Delta.
Transactions of the ASABE, 61(3), 927–935.
Thorp, K. R., DeJonge, K. C., Kaleita, A. L., Batchelor, W. D., & Paz, J. O. (2008).
Methodology for the use of DSSAT models for precision agriculture decision support.
Computers and Electronics in Agriculture, 64(2), 276–285.
https://doi.org/10.1016/j.compag.2008.05.022
Thorp, K. R., Hunsaker, D. J., Bronson, K. F., Andrade-Sanchez, P., & Barnes, E. M. (2017).
Cotton Irrigation Scheduling Using a Crop Growth Model and FAO-56 Methods: Field and
Simulation Studies. Transactions of the ASABE, 60(6), 2023–2039.
https://doi.org/10.13031/trans.12323
Timsina, J., Godwin, D., Humphreys, E., Yadvinder-Singh, Bijay-Singh, Kukal, S. S., & Smith,
D. (2008). Evaluation of options for increasing yield and water productivity of wheat in
Punjab, India using the DSSAT-CSM-CERES-Wheat model. Agricultural Water
Management, 95(9), 1099–1110. https://doi.org/10.1016/j.agwat.2008.04.009
van Genuchten, M. T. (1980). A closed-form equation for predicting the hydraulic conductivity
of unsaturated soils. Soil Science Society of America Journal, 44(5), 892–898.
77

Vereecken, H., Huisman, J. A., Pachepsky, Y., Montzka, C., van der Kruk, J., Bogena, H., et al.
(2014). On the spatio-temporal dynamics of soil moisture at the field scale. Journal of
Hydrology, 516, 76–96. https://doi.org/10.1016/j.jhydrol.2013.11.061
Willmott, C. J., Ackleson, S. G., Davis, R. E., Feddema, J. J., Klink, K. M., Legates, D. R., et al.
(1985). Statistics for the evaluation of model performance. Journal of Geophysical
Research, 90(C5), 8995–9005.
Yang, J. M., Yang, J. Y., Liu, S., & Hoogenboom, G. (2014). An evaluation of the statistical
methods for testing the performance of crop models with observed data. Agricultural
Systems, 127, 81–89. https://doi.org/10.1016/j.agsy.2014.01.008

78

CHAPTER IV
CONCLUSIONS
The major objectives of the study were 1) to measure in-field spatial and temporal
variability of soil moisture in the active rooting zone of soybeans using Watermark GM sensors,
2) evaluate the correlation of root zone soil moisture to soil texture, elevation, and soybean
vegetative characteristics, and 3) use the DSSAT crop model to determine if the in-field
variability is great enough to warrant different irrigation applications for portions of the field.
Ultimately, the goal of this research is to improve recommendations for sensor placement within
a field and determine if there are less invasive, surrogate methods to evaluate soil moisture, thus
improving irrigation efficiency.
Soil tension was monitored daily in a production field for three growing seasons, with
soybeans grown in 2018 and 2020 and corn grown in 2019 as described in Chapter Two. The
results showed that soil tension is more variable within the field on dry days than on wet days.
Also, the time to begin averaging the deeper sensors into the equation for available water can
vary by year, depending on the crop grown and the environmental conditions for the crop, such
as rainfall amount early in the season. Results show that in the 2018 season, there was less
rainfall at the beginning of the season (27 mm from June 3 to June 26), so the crop needed an
additional 31 mm from two irrigation events. In 2020, there was 112 mm of rain from June 3 to
June 26 with no irrigations during that time period. As a result, the soybean roots reached the 61cm depth more quickly in 2018 than in 2020 in search of water. This reinforces the idea that too
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much water early in the growing season could prevent the root system from developing to its
maximum potential.
Results also show that there was not a strong correlation of soil tension to vegetative
variables such as plant height and LAI, but plant height did have a higher correlation to soil
tension than LAI for all three seasons. The relationship of the vegetative characteristics and soil
tension was positive in 2019 and 2020, so as soil tension increased, the LAI or plant height
increased. In 2018, there was a 19-mm irrigation event followed immediately by a 23-mm and a
31-mm rainfall event on July 14, 15, and 19, respectively. With so much water going onto the
field in such a short period of time, it caused the soil tension to decrease very close to 0 cb, while
the LAI and plant height were simultaneously reaching their maximum potential at this point of
the growing season. This caused the relationship of the vegetative variables and soil tension to be
negative in 2018, while also having the lowest R2 values out of the three seasons. Vegetative
variables alone cannot be used to make irrigation decisions, but they can still be used to help
gauge plant health across the field. The correlation of these soybean vegetative characteristics to
soil tension might have been lower because this is an observational study where the producer is
doing his best to reduce variability in the crop. In a plot study where more treatments can be
implemented, such as different irrigation triggers, there may be different results. Also, soil
tension is more variable over time than LAI or plant height, so that may be a reason the
correlations are not very strong.
Soil texture was very similar across the field, with 39 of 44 locations classified as silty
clay loam and only five classified as silt loam. Also, as shown in the soil texture triangle, the
percentages of sand, silt, and clay are very close together. Before the study started, it was thought
that the soil texture would have the biggest effect on soil tension, but soil sampling revealed that
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this field has mostly homogenous soils. The Natural Resources Conservation Service Soil Survey
Geographic Database (NRCS-SSURGO) web soil survey soil map (Soil Survey Staff et al. n.d.)
indicated a homogenous soil type over the field, but the data compiled for web soil survey is on a
lower resolution than what was needed for this study, so grid-based soil samples were analyzed
to confirm the homogeneity. While soil texture was not the primary source of soil tension
variability, the DSSAT modeling results showed the impact of soil texture on soil moisture
predictions. The model showed how even a small difference in soil texture could change an
irrigation schedule if our field had been predominantly silt loam, and this reinforces why growers
with highly variable soils may want to consider variable rate irrigation, or at a minimum, have
sensors in each soil type.
The IDW interpolated maps of soil moisture in Chapter Two show the spatial variability
of soil moisture over the field. When viewing the IDW interpolations of soil tension for different
sensor set densities, it is evident that increasing the number of sensor sets also increases the
accuracy of soil tension predictions over the remainder of the field. However, it is not
economically feasible or time efficient to put an unlimited number of sensor sets in each field.
While this study does not address the economics of the decision, it is evident that a producer can
use fewer sensor sets than one set per 55- x 55-meter grid cell to schedule irrigation applications
effectively and timely. Based on the results in Chapter Two, it is possible to schedule irrigation
applications with as little as four sensor sets over an 18-ha field, but the number of sensor sets
needed for other fields will depend on the size of the field, crop grown, and variability of other
factors such as soil texture. In this study, soil texture was mostly homogeneous over the field. In
a situation where a producer is making a single uniform decision based on what is best for the
whole field, fewer sensor sets are needed. Also, when comparing the gridded zone sensor scheme
81

with four sensor sets and the elevation management zone scheme with four sensor sets, these two
schemes perform similarly over all three years. Based on the results, a producer could use either
of the two schemes. However, the elevation management scheme was based on elevation and
where the pivot normally starts and stops, so the producer knows how fast the soil is drying
where the irrigation cycle begins and ends.
The IDW interpolated maps also show spatial drying trends across the field after each
wetting period that hold true for all three years of the study. There is an area of lower elevation
on the west side of the field that is the slowest drying region of the field. There is also an area on
the east side of the map that dries slower than most of the field, and the middle region of the field
in between those two areas dries out more quickly. When comparing the predictions from the
IDW sensor schemes to the measured sensor data, R2 values were higher on dry days during the
2019 and 2020 growing seasons. In 2018, however, the highest R2 values occurred more often on
days that were considered wet. The higher correlations occurred more during the dry periods for
two years, and this is good because dry periods are the most critical times for making irrigation
scheduling decisions.
The CROPGRO-Soybean model was used to simulate the growth and development of
irrigated soybeans and examine the soil moisture variability in the field throughout the 2018 and
2020 soybean growing seasons. Overall, the model did a good job of predicting the crop
variables of LAI and plant height for both years. Model predictions matched measured data
better for plant height than LAI for both years of the study. In 2018, LAI had a low R2, and only
11 of 44 grid cells had acceptable d stats (> 0.75). In 2020, both plant height and LAI model
predictions more closely matched measured data than in 2018, which resulted in all of the grid
cells having d stats > 0.92 for both LAI and plant height. The model was also used to simulate
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soil moisture content for each grid cell in the field. In 2018, the model was acceptable for both
the 31- and 61-cm sensor depths. For both depths, all grid cells were in the excellent or good
range of nRMSE, but the 31-cm depth had more grid cells in the excellent range (25 vs 1). Based
on the statistical analysis (nRMSE and d) of soil moisture in 2018, the best agreement between
the predicted and measured values of soil moisture was at a depth of 31 cm. In 2020, the model
underpredicts soil moisture for both depths, and the best agreement between measured and
predicted data was at the 61-cm depth (R2=0.71), although only 11 of the 44 grid cells had a d
stat > 0.6.
There are a few reasons why the 2020 soil moisture content was not predicted as well as
the 2018 soil moisture content. One reason could be that the soil profile data that was used in the
model was from generic sources. The soil layers were pre-defined by web soil survey, and only
three layers were in the SSURGO description of the soil profile. Since there were only three
layers, each one was quite large. For example, the first layer was 58 cm deep, which is almost the
entire profile analyzed in this study. In the future, the SSURGO layers should be characterized at
smaller intervals (such as every 25 cm or less) for input into the DSSAT model. For the model to
be more precise and increase accuracy, more detailed information on the soil profile could be
specified. The soil layers were not changed because there was no deeper investigation into the
classification of the soil profiles beyond soil texture. However, soil cores were pulled to 61 cm
for textural analysis to ensure that soil texture was analyzed at the full depth for which sensors
were installed. Also, the root growth distribution factor was not changed for any of the soil layers
because there was no evidence of a hardpan based on soil moisture data. The model predicts the
soil moisture at different depths but does simulate an average soil moisture for the whole profile.
The soil samples taken for the soil moisture release curves could have been pulled at separate
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depths, instead of a composite soil sample from cores pulled at 61 cm deep, to have a more indepth understanding of the soil properties at each depth. The root density at separate depths
would be an additional variable to explore, because it would directly correlate to the amount of
water the plant uptakes, and at what depths. Assessing root density is a destructive procedure,
and it was not directly evaluated in this study because the project was implemented in a
production field. Another variable that was not input to the model was the application of poultry
litter, which the producer has been incorporating into the field during the fall for the past several
years. This should be considered more in future studies of this field to determine if the poultry
litter applications are affecting the soil properties and soil moisture retention. Last, another type
of soil moisture sensor that directly measures volumetric water content could be used at some
locations to validate the conversions from soil tension to volumetric water content. The sensors
used in this study were used for three years in a row and were stored in a dry building during the
offseason, which is recommended by the manufacturer, and were within a generally accepted
five-year lifespan recommendation.
The model predicted irrigation events in 2018 and 2020 at a 40% irrigation threshold for
the top 60 cm of the soil profile. The model predictions were more similar to the grower’s
irrigation schedule in 2020 than in 2018, even though the soil moisture content predictions
matched more closely to actual soil moisture in 2018. In both the 2018 and 2020 growing
seasons, the producer over irrigated according to the DSSAT model simulations. The grower
over irrigated by 60 mm (silt loam) and 56 mm (silty clay loam) in 2018 and 33 mm (silt loam)
and 16 mm (silty clay loam) in 2020. That translates to over irrigating the 18-ha field by
2,373,180 and 2,214,968 gallons in 2018 and by 1,305,249 and 632,848 gallons in 2020, for the
silt loam and silty clay loam soil types, respectively, according to the model.
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This study has demonstrated that when evaluating soil moisture variability, there are
several factors to consider. There are not many variables that have the same degree of temporal
variability as soil moisture, as it can change daily. Also, if plant height or LAI were to change
drastically, it would be too late to remedy the problem. At that point, there would be yield and
economic loss. The CROPGRO-Soybean model could be a tool that producers use in conjunction
with soil moisture sensors to schedule irrigations. When considering density and placement of
sensor sets in a center pivot irrigation system, the producer should consider the elevation and
topography of the field while also keeping in mind the general guidelines of placing sensors at
least at the beginning and the end of the pivot cycle. Producers must also consider their primary
objective(s) when irrigating. If the main goal is a uniform irrigation, the sensor sets should
provide the producer with knowledge of soil moisture conditions over as much of the field as
possible, and he/she should make an irrigation decision based on the soil moisture over the
majority of the field. If variable rate irrigation is being utilized, a denser array of sensors may be
used to fine tune management zones for the prescription map.
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APPENDIX
D STAT AND NRMSE VALUES FOR DSSAT RESULTS
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Table A.1

d stat and nRMSE values for the DSSAT results and measured data for plant
height and LAI for 2018 and 2020.
2018
plant height

Run
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

2020
plant height

2018
LAI

2020
LAI

d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
0.845
9.6
0.925
20.2
0.811
12.8
0.925
20.3
0.972
4.8
0.958
15.3
0.658
14.0
0.921
20.8
0.909
9.2
0.983
10.4
0.462
27.4
0.964
16.4
0.949
6.7
0.972
13.2
0.397
20.3
0.99
8.7
0.928
7.5
0.956
16.7
0.023
36.1
0.966
14.6
0.845
12.2
0.95
17.6
0.193
20.6
0.987
9.6
0.947
6.8
0.987
9.0
0.268
16.7
0.977
13.4
0.941
6.4
0.974
12.7
0.596
15.0
0.982
11.0
0.967
5.0
0.968
14.1
0.315
19.6
0.988
9.5
0.961
4.8
0.963
15.3
0.681
12.5
0.975
12.8
0.81
9.9
0.97
13.5
0.73
14.9
0.975
13.2
0.949
6.3
0.985
9.3
0.374
16.6
0.975
14.1
0.953
6.4
0.937
18.7
0.795
12.2
0.936
20.3
0.927
9.3
0.982
10.7
0.556
18.6
0.947
20.3
0.924
7.8
0.988
8.9
0.523
16.1
0.967
16.1
0.918
8.3
0.989
8.7
0.189
20.8
0.958
17.6
0.955
6.6
0.991
7.3
0.388
15.8
0.942
19.6
0.957
5.9
0.99
8.1
0.599
15.7
0.919
26.5
0.923
6.4
0.99
7.8
0.846
9.3
0.941
18.9
0.861
9.3
0.976
13.0
0.764
12.6
0.91
25.4
0.904
9.0
0.989
9.1
0.805
11.0
0.943
23.2
0.918
9.2
0.972
12.8
0.47
23.1
0.981
10.8
0.963
5.3
0.981
10.7
0.185
20.4
0.964
16.9
0.914
8.7
0.983
10.4
0.5
22.7
0.971
15.5
0.946
7.2
0.987
9.2
0.576
12.0
0.945
21.0
0.905
9.1
0.981
10.7
0.636
19.1
0.965
15.7
0.921
7.5
0.965
14.5
0.47
16.6
0.949
18.2
0.973
4.7
0.983
10.3
0.565
15.6
0.981
12.2
0.975
4.5
0.979
11.2
0.69
14.5
0.954
18.7
0.937
6.3
0.988
8.8
0.873
9.1
0.941
21.7
0.956
5.0
0.989
8.8
0.843
11.4
0.975
14.0
0.937
6.1
0.978
11.3
0.876
10.3
0.969
14.5
0.966
5.1
0.978
11.7
0.672
18.3
0.97
14.9
0.941
6.5
0.961
15.2
0.692
17.2
0.979
12.5
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Table A.1 (continued)
2018
plant height
Run
35
36
37
38
39
40
41
42
43
44

Table A.2

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

2018
LAI

2020
LAI

d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
0.916
8.8
0.993
7.1
0.537
21.6
0.94
22.6
0.93
7.1
0.977
12.2
0.549
23.8
0.917
26.1
0.939
6.2
0.997
4.8
0.815
11.3
0.944
21.8
0.913
7.6
0.99
8.0
0.887
9.4
0.954
20.3
0.822
10.6
0.995
6.0
0.876
9.5
0.947
21.9
0.918
8.9
0.991
7.0
0.661
15.4
0.983
11.0
0.839
11.4
0.979
11.5
0.582
16.9
0.937
22.1
0.954
6.3
0.982
10.8
0.46
27.4
0.992
7.7
0.892
9.1
0.967
14.4
0.712
17.0
0.963
16.4
0.882
8.8
0.985
10.5
0.668
17.7
0.958
18.6

d stat and nRMSE values for the DSSAT results and measured data SMC for 2018
and 2020.
2018
31 cm sensor

Run

2020
plant height

2018
61 cm sensor

2020
31 cm sensor

2020
61 cm sensor

d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
0.736
9.8
0.524
9.7
0.531
29.8
0.518
29.5
0.62
10.5
0.33
18.3
0.436
28.1
0.658
23.1
0.699
9.5
0.511
13.2
0.48
29.3
0.531
28.4
0.677
10.5
0.496
14.3
0.39
33.7
0.493
29.8
0.527
19.2
0.498
12.1
0.719
22.9
0.678
25.6
0.603
12.3
0.45
14.3
0.38
35.3
0.525
31.1
0.637
10.6
0.508
14.9
0.462
32.5
0.652
29.3
0.751
9.4
0.522
12.2
0.443
30.3
0.615
28.1
0.535
14.0
0.413
18.4
0.485
30.7
0.604
27.8
0.714
9.0
0.377
14.0
0.397
31.8
0.54
29.0
0.722
9.1
0.256
13.8
0.463
30.7
0.509
26.7
0.766
8.8
0.454
12.7
0.437
31.5
0.665
23.9
0.655
9.8
0.45
15.3
0.466
33.3
0.559
28.6
0.612
10.4
0.476
15.5
0.407
31.9
0.592
27.1
0.677
9.7
0.365
12.3
0.504
28.8
0.577
28.5
0.622
10.4
0.403
16.6
0.417
32.2
0.333
32.3
0.564
11.4
0.448
14.1
0.519
28.5
0.496
29.5
0.766
8.6
0.481
14.8
0.43
34.6
0.489
32.3
0.657
10.5
0.219
14.2
0.403
30.9
0.651
26.2
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Table A.2 (continued)
2018
31 cm sensor
Run
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44

2018
61 cm sensor

2020
31 cm sensor

2020
61 cm sensor

d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
d stat
nRMSE
0.725
8.9
0.483
11.2
0.397
34.3
0.587
29.3
0.643
9.4
0.4
12.9
0.538
27.1
0.615
25.6
0.51
12.5
0.547
12.6
0.44
29.3
0.639
27.4
0.705
9.2
0.437
16.2
0.549
29.0
0.479
29.8
0.53
12.1
0.459
16.6
0.516
30.0
0.126
29.4
0.725
10.0
0.46
17.9
0.389
36.1
0.514
32.3
0.626
10.0
0.392
15.8
0.367
36.0
0.44
31.3
0.713
9.2
0.418
14.7
0.474
32.0
0.574
28.3
0.712
9.0
0.556
14.6
0.459
31.4
0.475
30.6
0.716
8.7
0.566
11.6
0.378
33.3
0.422
30.7
0.694
9.5
0.433
13.3
0.472
30.2
0.532
29.7
0.576
10.2
0.393
14.5
0.476
29.3
0.576
28.7
0.652
9.5
0.428
12.8
0.604
25.3
0.346
31.3
0.552
10.8
0.481
14.9
0.526
27.7
0.534
29.4
0.678
9.0
0.464
13.6
0.508
28.2
0.568
26.2
0.623
9.4
0.455
12.8
0.437
30.8
0.439
30.9
0.696
8.8
0.334
11.0
0.403
34.2
0.537
29.8
0.724
10.6
0.558
11.0
0.455
33.7
0.517
29.9
0.806
7.6
0.518
10.6
0.464
31.2
0.528
29.1
0.623
10.3
0.447
13.8
0.496
33.3
0.413
30.4
0.728
8.3
0.344
15.2
0.493
30.6
0.577
28.3
0.645
8.6
0.243
10.3
0.43
31.0
0.548
27.1
0.705
9.1
0.307
12.9
0.522
29.3
0.6
28.0
0.627
10.6
0.358
18.3
0.601
25.2
0.627
25.4
0.575
15.3
0.383
11.0
0.414
30.9
0.549
27.1

90

